Introduction {#Sec1}
============

The enzyme arginine deiminase (ADI; E.C. 3.5.3.6) catalyses the irreversible deamination of the guanidine group of [l]{.smallcaps}-arginine to citrulline and ammonia (Shirai et al. [@CR30]). ADI is potentially useful in the treatment of certain cancers. Certain tumor cells require an external supply of arginine for rapid proliferation and other functions and ADI-mediated arginine deprivation is effective in the treatment of such tumors (Dillon et al. [@CR10]; Panchaud et al. [@CR24]; Wangpaichitr et al. [@CR35]; Patil et al. [@CR25]).

ADI-based treatments used in clinical investigations have mostly relied on ADI from *Mycoplasmal* sources (Fayura et al. [@CR12]; Ahn et al. [@CR1]). *Pseudomonas* sp. has been reported as a potential producer of ADI. It was found to be the best organisms for ADI production among the largest number (83 strains of bacteria, 31 strains of yeasts, 15 strains of molds and 15 strains of actinomycetes) of microorganisms screened by Kakimoto et al. ([@CR17]). However, most of the studies are confined to *Mycoplasmal* arginine deiminase till date. Very few studies have focused on the bioprocessing aspects of ADI from *Pseudomonas* sp.

As ADI is an intracellular enzyme, its recovery from bacterial cells requires an effective method of cell breakage. High-pressure homogenization of a concentrated bacterial cell suspension in a French-press is an option for cell disruption. In a French-press, the bacterial slurry contained in a steel cylinder is forced through a narrow orifice by means of a piston. The sudden release of pressure as the slurry emerges from the orifice is responsible for cell rupture. No work appears to have been reported on disruption of *Pseudomonas* sp. for release of ADI. The disruption process was investigated in detail in a French-press and compared with the cell disruption performance of a conventional bead mill.

The disruption of the cells was measured in terms of the following responses: (1) release of the intracellular protein; (2) release of ADI; and (3) the fraction of the cells broken. The three main operational factors for a French-press are the concentration of the cells in the suspension being processed, the operational pressure of the press and the number of passes of the cell slurry through the press. The effect of these factors on cell disruption was characterized. A face-centered central composite design (CCD) of experiments with 3-factors measured at 3-levels was used. The data obtained were used to develop response surface models, artificial neural network (ANN) model and support vector machine (SVM) models for predicting the performance of the disruption process.

In conventionally designed experiments, a single factor is varied at a time and the response is measured. This form of experimentation does not allow an estimation of the interactive effect of factors on the measured response. A central composite experiment design in combination with the response surface method (RSM) is more efficient than conventional experiment design and allows interactive effects of factors to be determined (Bandaru et al. [@CR3]; Ghevariya et al. [@CR14]). RSM provides a quantitative relationship (or a model) between the experimental factors and the response. This model equation can be used to predict the response for any combination of the factor values within the experimental space.

A model based on an artificial neural network (ANN) is a potential alternative to an RSM model. The data generated by a set of experiments can be used to train an ANN to predict a response. Such a trained ANN can often effectively predict a future response for any given set of the input variables. This learnt ability to predict does not require any explicit relationships between the inputs and the response (Witek-Krowiak et al. [@CR36]; Maran and Priya [@CR18]); that is, no phenomenological understanding of a process is necessary for ANN-based predictions. ANNs are especially useful for modeling highly nonlinear responses. An alternative to ANN is the use of SVM models to predict a response. SVM algorithms use an experimental data set for supervised learning so that a response can be predicted.

The optimal conditions for the release of the intracellular ADI from *P. putida* KT2440 by disruption in a French-press are reported. The CCD experimental data are used to establish the RSM-based models, the ANN model and the SVM models for predicting the experimental responses (i.e. total protein release, ADI release and the fraction of cells disrupted). The prediction and generalization capabilities of the models are compared.

Materials and methods {#Sec2}
=====================

Chemicals {#Sec3}
---------

All chemicals were purchased from Hi-Media Laboratories (Mumbai, India). All reagents and solvents used were of analytical grade.

Microorganism and cultivation conditions {#Sec4}
----------------------------------------

*Pseudomonas putida* KT2440 was a kind gift from Professor Manfred Zinn, Laboratory for Biomaterials, Empa-Swiss Federal Laboratories for Materials Science and Technology, Switzerland. The stock cultures were maintained on Luria Bertani (LB) medium and stored at −80 °C. The bacterium was grown aseptically in a 14 L stirred-tank bioreactor (BioFlo 310; New Brunswick Scientific, USA) with a working volume of 8 L as previously reported (Patil et al. [@CR26]).

The culture medium had the following composition (g/L): fructose 30, yeast extract 7.5, bacto peptone 12.5, arginine 4, Na~2~HPO~4~ 3, and NaHPO~4~ 1. The initial pH was adjusted to 7.5. The bioreactor with the culture medium was autoclaved (121 °C, 20 min), cooled to 30 °C and inoculated. The inoculum had been prepared by transferring 100 μL of a stock suspension to 100 mL of LB medium in a 500 mL shake flask and incubating overnight at 30 °C. A 25 mL portion of this overnight culture was transferred to a 1 L shake flask containing 225 mL of the above specified production medium and incubated at 30 °C, 200 rpm, for 12 h. A 800 mL portion of this culture from multiple shake flasks was used to inoculate the bioreactor. The inoculum volume was 10 % of the initial volume of the culture medium.

The bioreactor was agitated at 350 rpm using a Rushton turbine agitator. The pH was measured but not controlled. The temperature was controlled at 30 °C. Filter sterilized air (3.5 L/min, or 0.5 vvm) was continuously sparged through the culture medium. Foaming was controlled by adding sterile polypropylene glycol (Sigma-Aldrich; catalog no. 202339) antifoam agent as needed. The broth was harvested after 28 h of fermentation and the cells were recovered by centrifugation (7000*g*, 20 min, 4 °C). The cell pellet was washed twice with phosphate buffer (50 mM, pH 7.0) and kept refrigerated at 4 °C until needed for disruption.

Disruption of cells {#Sec5}
-------------------

### Bead milling {#Sec6}

A high speed bead mill (Dyno-mill; Willey A. Bachofen AG Maschinenfabric, Muttenz, Switzerland) was used for cell disruption. The mill consisted of a 300 mL horizontal, cylindrical disruption chamber with a central agitator driven by a variable speed motor. The chamber was filled with glass beads (0.5--0.75 mm in diameter) to 80 % of its nominal volume. Therefore, the bead loading was 80 %.

The cells were suspended in phosphate buffer (50 mM, pH 7.0, containing 0.5 mM phenylmethylsulfonyl fluoride (PMSF) to obtain a final cell concentration of 100 g/L. The cell suspension was cooled to 4 °C, placed in the precooled grinding chamber and ground for 15 min. The agitation speed during grinding was 3000 rpm. The grinding chamber was continuously cooled by circulating cooling water (5--6 °C) through the jacket surrounding the chamber. Samples were taken periodically as grinding progressed.

### Disruption in French press {#Sec7}

A French press (model FA078A with 40 K pressure cell; Thermo Spectronic, Rochester, NY, USA) was used for high-pressure homogenization. For each experiment, 15 mL of cell suspension was prepared at the desired concentration of biomass. PMSF was added to a final concentration of 0.5 mM to suppress protease-mediated degradation of the released proteins. The 40 K pressure cell was precooled to 4 °C before being filled with the bacterial suspension. The cell suspension at 4 °C was then disrupted for a predetermined number of passes. Between passes, the cell slurry was held in an ice bath.

The experimental factors of the number of passes, the processing pressure and the biomass concentration were set at the desired values in keeping with the matrix designed by Design Expert™ 8.0 software (Stat-Ease Inc, USA). The ADI activity, the total protein release and the fraction of the cells disrupted were measured as explained in the following sections.

Experimental design {#Sec8}
-------------------

### Response surface method {#Sec9}

The response surface method (RSM) was used to examine the dependence of the responses on the process variables. The experimental factors used in the central composite design were: (1) the cell-mass concentration in the slurry being homogenized (*A*, g/L); (2) the disruption pressure setting of the French press (*B*, bar); and (3) the number of passes (*C*). The actual values of factors, the measured responses and the predicted responses are shown in Table [1](#Tab1){ref-type="table"}. The ranges of the factors were selected based on the preliminary studies and the literature values (Singh et al. [@CR32]; Singh [@CR31]). The CCD matrix consisted of 20 experiments (Table [1](#Tab1){ref-type="table"}) (number of experiments = $\documentclass[12pt]{minimal}
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### Artificial neural network {#Sec10}

A trained ANN model predicts responses (outputs) based on the input values of the factors without defining an explicit relationship between inputs and outputs. ANN is universally applicable for modeling nonlinear responses whereas RSM approximates responses in terms of an explicit quadratic function of the independent experimental factors (Marchitan et al. [@CR19]; Maran and Priya [@CR18]). The ANN used here was a three-layered feed-forward neural network consisting of an input layer, a hidden middle layer and an output layer. Neural Network Toolbox of MATLAB (version 7.8.0; <http://www.mathworks.com>) was used in development of the ANN model. Tangent sigmoid transfer functions (tansig) were used at the hidden layer and linear transfer functions (purelin) were used at output layer. A back propagation training process was used in which the weights of the connections between the nodes of the layers were repetitively adjusted so that the output value was as close as possible to the desired output. The neural network was fed with values of the three input variables (i.e. cell-mass concentration, the operating pressure and the number of passes). Therefore, the number of neuron in the input layer was three. Each input value was normalized by dividing by the maximum value for the specific input. The output layer had three neurons corresponding to the ADI released, the total protein released and the fraction of cells disrupted.

### Support vector machine (SVM) {#Sec11}

SVM is a supervised learning algorithm with an excellent capability for global optimization. In contrast with ANN models, a SVM solution is global and unique (Smola and Scholkopf [@CR33]). As an important advantage, SVM can be implemented using a small number of samples for reliable prediction of the responses (Caydas and Ekici [@CR8]). In the present study, experimental data (Table [1](#Tab1){ref-type="table"}) was used to develop the SVM model with a radial basis function.

### Comparison of the models {#Sec12}

Evaluation of the goodness of fit and prediction capacity of the constructed models was performed by error analyses. Root mean square error (RMSE), standard error of prediction (SEP), relative percent deviation (RPD) and determination coefficient (*R*^2^) values were used to compare the measured and the predicted responses. The following equations were used in the calculations (Bingöl et al. [@CR5]; Geyikçi et al. [@CR13]):$$\documentclass[12pt]{minimal}
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In the above equations, *Y*~*ie*~ is the experimental data, *Y*~*ip*~ is the corresponding predicted data, *Y*~*e*~ is the mean value of experimental dataset and *n* is the number of measurements in the experimental dataset. In general, small values of RMSE and SEP suggest a good ability of a model to predict the experimental data.

Analytical methods {#Sec13}
------------------

### ADI activity {#Sec14}

The ADI activity was determined using a modification of an earlier published method (Ni et al. [@CR22]). Briefly, 100 µL of the supernatant of the centrifuged cell homogenate was incubated (37 °C, 30 min) with 30 mM of [l]{.smallcaps}-arginine and 200 mM sodium phosphate buffer (pH 6.0) in a final volume of 1 mL. This reaction mixture was incubated at 37 °C for 30 min. A 100 µL of the reaction mixture was used to measure the ADI activity. One unit of ADI activity was defined as the amount of enzyme that converted 1 µmol of [l]{.smallcaps}-arginine to 1 µmol of [l]{.smallcaps}-citrulline per min at the incubation temperature.

The citrulline produced was quantified using the diacetyl monoxime thiosemicarbazide (DAM) method (Boyde and Rahmatullah [@CR6]). For this, a calibration curve was produced by diluting a 3 mM standard solution of [l]{.smallcaps}-citrulline to various concentrations (0.25--3.00 mM). A 100 µL portion of this diluted solution was mixed with 3 mL of a chromogenic reagent. The mixture was incubated at 95 °C for 5 min, cooled, and the spectrophotometric absorbance was measured at 530 nm against a blank of distilled water treated the same way as the [l]{.smallcaps}-citrulline standard solution. The measured absorbance was plotted against the known concentration of [l]{.smallcaps}-citrulline to obtain a calibration curve.

The chromogenic reagent was prepared just before use by adding 5 mg of thiosemicarbazide to 50 mL of diacetyl monoxime solution (500 mg of diacetyl monoxime dissolved in 100 mL of distilled water) and mixing in 100 mL of acid-ferric solution. The latter had been made by adding 25 mL of concentrated sulfuric acid and 20 mL of concentrated phosphoric acid to 55 mL of distilled water, cooling to room temperature, and dissolving 25 mg of ferric chloride (Patil et al. [@CR26]). Assays were carried out in duplicate and the mean values were used for building ANN and SVM models.

### Protein quantification {#Sec15}

The total protein released was quantified using the Bradford method (Bradford [@CR7]) with bovine serum albumin as the standard. Optical density was read at 595 nm. Measurements were in triplicate and mean values are reported.

### The extent of cell disruption {#Sec16}

The extent of cell disruption was quantified as the fraction of the cells disrupted (*F*~*d*~) (Tam et al. [@CR34]), calculated as follows:$$\documentclass[12pt]{minimal}
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In the above equation *I*~*b*~ is the intact cell concentration before disruption and *I*~*a*~ is the intact cell concentration after the disruption treatment. Values of *I*~*b*~ and *I*~*a*~ were determined by measuring the optical density at 600 nm (OD~600~) before and after passage of a sample through the French press.

Results {#Sec17}
=======

Optimization using RSM {#Sec18}
----------------------

The actual values of the three independent variables were optimized using a central composite design. The optimization aimed to separately maximize the responses of the extent of cell disruption, the total protein release and ADI release. A total of 20 runs were carried out with the actual values of the factors, the actual responses and the predicted responses as in Table [1](#Tab1){ref-type="table"}. The predicted and the measured responses were in good agreement.

The experimental responses and the coded values of the factors fitted the following second order polynomials:$$\documentclass[12pt]{minimal}
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In the above equations *Y*~1~ is the ADI released (U/mL); *Y*~2~ is the total protein released (g/L); *Y*~3~ is the fraction of the cells disrupted (%); *A* is the cell-mass concentration (g/L); *B* is the disruption pressure (bar); and *C* is the number of passes.

The adequacy of fit of the above models (Eqs. [6](#Equ6){ref-type=""}--[8](#Equ8){ref-type=""}) was tested by analysis of variance (ANOVA) (Tables [2](#Tab2){ref-type="table"}, [3](#Tab3){ref-type="table"}, [4](#Tab4){ref-type="table"}). The above models were found to be adequate for the specified responses. The ANOVA for the model for ADI release (Eq. [6](#Equ6){ref-type=""}) is shown in Table [2](#Tab2){ref-type="table"}. The correlation coefficient (*R*) of the model was 0.985, indicating a good agreement between the experimental data and the model-predicted values. The determination coefficient (*R*^*2*^) value was 0.9698; indicating that nearly 97 % of the variation in ADI release could be attributed to the experimental factors and only 3 % of the total variation in the measured data could not be explained by the model.Table 2Analysis of variance for the response surface quadratic model (Eq. [6](#Equ6){ref-type=""}) for ADI releaseSourceSSDFMS*F* value*P* value (Prob \> F)Model163.87918.2135.67\<0.0001Cell concentration (*A*)59.10159.10115.79\<0.0001Operating pressure (*B*)4.5214.528.860.0139Number of passes (*C*)3.0513.055.980.0345*AB*23.79123.7946.61\<0.0001*AC*5.1515.1510.090.0099*BC*9.7219.7219.040.0014*A* ^2^26.36126.3651.64\<0.0001*B* ^2^3.3613.366.580.0281*C* ^2^1.5311.532.990.1142Residual5.10100.51Lack-of-fit3.3350.671.880.2529Pure error1.7750.35Cor. Total168.9819*R* ^2^ = 0.9698; adjusted *R* ^2^ = 0.9426; predicted *R* ^2^ = 0.8297; adequate precision = 23.003; coefficient of variation (%) = 3.08; standard deviation = 0.71; mean = 23.23*SS* sum of squares; *DF* degrees of freedom; *MS* mean sum of squaresTable 3Analysis of variance for the response surface quadratic model (Eq. [7](#Equ7){ref-type=""}) of total protein releaseSourceSSDFMS*F* value*P* value (Prob \> F)Model14.9591.6629.01\<0.0001Cell concentration (*A*)10.82110.82189.04\<0.0001Operating pressure (*B*)1.0711.0718.710.0015No. of passes (*C*)0.8110.8114.190.0037*AB*0.2210.223.810.0796*AC*0.8010.8013.930.0039*BC*0.3410.345.880.0358*A* ^2^0.1210.122.140.1740*B* ^2^3.321 × 10^−3^13.321 × 10^−3^0.0580.8145*C* ^2^0.2210.223.880.0772Residual0.57100.057Lack-of-fit0.2750.0540.880.5535Pure error0.3050.061Cor. total15.5219*R* ^2^ = 0.9631; adjusted *R* ^2^ = 0.9299; predicted *R* ^2^ = 0.8457; adequate precision = 19.536; coefficient of variation (%) = 7.42; standard deviation = 0.24; mean = 3.22*SS* sum of squares; *DF* degrees of freedom; *MS* mean sum of squaresTable 4Analysis of variance for the response surface quadratic model (Eq. [8](#Equ8){ref-type=""}) of the extent of cell disruptionSourceSSDFMS*F* value*P* value (Prob \> F)Model3292.939365.8867.15\<0.0001Cell concentration (*A*)170.081170.0831.220.0002Operating pressure (*B*)920.301920.30168.90\<0.0001Number of passes (*C*)1653.1511653.15303.41\<0.0001*AB*0.2410.240.0440.8378*AC*4.0414.040.740.4091*BC*78.15178.1514.340.0036*A* ^2^33.88133.886.220.0318*B* ^2^105.551105.5519.370.0013*C* ^2^128.561128.5623.600.0007Residual54.49105.45Lack-of-fit23.6454.730.770.6112Pure error30.8456.17Cor. total3347.4219*R* ^2^ = 0.9837; adjusted *R* ^2^ = 0.9691; predicted *R* ^2^ = 0.8711; adequate precision = 32.201; coefficient of variation (%) = 3.12; standard deviation = 2.33; mean = 74.89*SS* sum of squares; *DF* degrees of freedom; *MS* mean sum of squares

A high value of the adjusted determination coefficient (=0.9426) in the present model (Eq. [6](#Equ6){ref-type=""}) confirmed the model to be significant. The Fisher's *F* test (*F* values), calculated as the ratio between the lack-of-fit mean square and the pure error mean square, was used to verify the competence of the factors in describing the variation in the data about its mean value. The *F* value for the present model (i.e. Eq. [6](#Equ6){ref-type=""}) was 35.67 (Table [2](#Tab2){ref-type="table"}), suggesting that the model was significant and the probability of the *F* value of the model being due to experimental noise was only 0.01 %.

The 'adequate precision value' is an index of the signal-to-noise ratio and its value must be greater than 4 for a model to be considered a good fit to the data. Adequate precision value of Eq. ([6](#Equ6){ref-type=""}) was 23.003 (Table [2](#Tab2){ref-type="table"}), suggesting the model to be satisfactory for navigating the design space. A low pure error value (=1.77, Table [2](#Tab2){ref-type="table"}) suggested a good reproducibility of the experimental responses.

Similarly, the models for total protein release (Eq. [7](#Equ7){ref-type=""}) and the fraction of cells disrupted (Eq. [8](#Equ8){ref-type=""}) were adequate as revealed by ANOVA (Tables [3](#Tab3){ref-type="table"}, [4](#Tab4){ref-type="table"}). The correlation coefficient values for the models were high (\>0.99). A good agreement of the model predictions and the measured data is shown for the two models (Eq. [7](#Equ7){ref-type=""}, [8](#Equ8){ref-type=""}).

For ADI release response (Eq. [6](#Equ6){ref-type=""}; Table [2](#Tab2){ref-type="table"}), all the linear terms (*A*, *B* and *C*) and interactive terms (*AB*, *AC* and *BC*) were significant. Only one quadratic term (i.e. *C*^2^, Table [2](#Tab2){ref-type="table"}) was not significant. For the total protein release response (Eq. [7](#Equ7){ref-type=""}), none of the quadratic terms was significant (Table [3](#Tab3){ref-type="table"}) and the interactive term *AB* was also not significant (Table [3](#Tab3){ref-type="table"}). For the fraction of cells disrupted response (Eq. [8](#Equ8){ref-type=""}), all the linear and quadratic terms were significant (Table [4](#Tab4){ref-type="table"}), but two of the interactive terms (i.e. *AB* and *AC*) were not significant. Thus, all the experimental factors individually had a significant effect on the cell fraction disrupted, the total protein release and the release of ADI. Cell mass concentration in the slurry had the strongest effect on the total protein release. The interactive effects of the factors on the various responses are shown in Figs. [1](#Fig1){ref-type="fig"}, [2](#Fig2){ref-type="fig"} and [3](#Fig3){ref-type="fig"}.Fig. 1Response surface plots showing the interactive effect of the following factors on ADI release: **a** cell-mass concentration and the operating pressure (the number of passes was fixed at 2); **b** cell-mass concentration and the number of passes (the operating pressure was fixed at 689.5 bar); and **c** operating pressure and the number of passes (the cell mass concentration was fixed at 200 g/L)Fig. 2Response surface plots showing the interactive effect of the following factors on total protein release: **a** cell-mass concentration and the operating pressure (the number of passes was fixed at 2); **b** cell-mass concentration and the number of passes (the operating pressure was fixed at 689.5 bar); and **c** operating pressure and the number of passes (the cell mass concentration was fixed at 200 g/L)Fig. 3Response surface plots showing the interactive effect of the following factors on the fraction of cells disrupted: **a** cell-mass concentration and the operating pressure (the number of passes was fixed at 2); **b** cell-mass concentration and the number of passes (the operating pressure was fixed at 689.5 bar); and **c** operating pressure and the number of passes (the cell mass concentration was fixed at 200 g/L)

Artificial neural network modelling {#Sec19}
-----------------------------------

A feed forward back propagation ANN algorithm was used as it has been found to be broadly useful for modeling bioprocesses (Sarve et al. [@CR29]). Levenberg--Marquardtback-propagation algorithm (trainlm) was used as the training function in view of its known good performance (Maran and Priya [@CR18]; Sarve et al. [@CR29]). The optimum number of neurons and transfer functions for the hidden layer was determined based on minimizing the value of the mean squared error (MSE) of the training and prediction datasets. As the training dataset was small, the number of neurons in the hidden layer was optimized only in the range of one and three. The MSE was found to be the minimum for three neurons and tansig transfer function in the hidden layer. Hence, a feed-forward neural network with three neurons each in the input layer, the output layer and the hidden layer was used for modeling. Purelin transfer function at the output layer was used. Figure [4](#Fig4){ref-type="fig"} shows the optimum model architecture.Fig. 4Architecture of ANN model used

For evaluating the model, the experimental values of the responses were compared with the corresponding predicted values. The relevant data are shown in Table [1](#Tab1){ref-type="table"} for the responses of ADI release, the total protein release and the fraction of the cells disrupted. As shown in Fig. [5](#Fig5){ref-type="fig"}, the ANN model with the training dataset had very good *R* values of 0.932, 0.924 and 0.972, respectively, for ADI released, total protein released and *F*~*d*~. The *R* value for the entire dataset (i.e. the three datasets combined) was also good (=0.998). Therefore, the ANN model trained using the experimental data, was precise enough for predicting the disruption responses.Fig. 5Comparison between ANN-predicted responses and the measured responses

Support vector machine model {#Sec20}
----------------------------

The experimental data (Table [1](#Tab1){ref-type="table"}) was used to develop the SVM models. A radial basis function (RBF) was used as kernel for model development because it is effective and speeds up the training process. The input variables were the normalized values of the cell-mass concentration, the operating pressure and the number of passes. Each input was normalized by dividing with the largest value in the input series. As a SVM operates only on single output, three different models were developed for the outputs of ADI release, the total protein release and the fraction of the cells disrupted.

In developing a SVM model with a RBF kernel, the penalty parameter α and the kernel coefficient γ need to be optimized. Values of α and γ for each model were determined by a systematic grid search. The software scikit-learn 0.17 (<http://scikit-learn.org>) (Pedregosa et al. [@CR27]) was used for development of the models. As shown in Fig. [6](#Fig6){ref-type="fig"}, the fit of the experimental data with the SVM-predicted responses was good: the *R* values of the fit were 0.989, 0.981, 0.995 and 0.999 for the ADI release, the total protein release, the fraction of cells disrupted and the training datasets, respectively.Fig. 6Comparison between SVM-predicted response and the measured responses

Comparison of predictive and generalization capacities of the models {#Sec21}
--------------------------------------------------------------------

The experimental responses and the predictions of the various models for the unseen datasets are shown in Table [5](#Tab5){ref-type="table"}. The unseen dataset consisted of the results of 8 new experiments that were not used in any model development.Table 5Experimental and predicted responses for the unseen datasetRun*A* (g/L)*B* (bar)*C*ADI activity (U/mL)Total protein release (g/L)Cell disruption (%)ActualRSM predictedANN predictedSVM predictedActualRSM predictedANN predictedSVM predictedActualRSM predictedANN predictedSVM predicted1260510.2127.227.626.427.33.13.13.43.146.149.947.147.32235689.5126.427.026.226.53.33.33.33.256. 459.256.357.23210792.9324.825.724.425.43.73.83.83.780.286.786.287.94250489.5126.727.526.427.13.53.03.23.043.146.747.145.65260413.7126.627.526.527.13.32.93.22.936.040.444.640.86240861.8224.025.024.125.63.73.74.03.781.082.181.382.17240827.4124.726.225.525.83.83.63.73.662.664.563.562.58200861.8325.0125.824.525.54.13.63.73.681.287.386.788.2

The predictive performances of the developed models were compared on the basis of RMSE, the standard error of prediction (SEP), the MSE, and the relative percent deviation (RPD). These statistical parameters are reported in Table [6](#Tab6){ref-type="table"} both for the training datasets and the unseen datasets.Table 6Validation and comparison with the unseen datasetStatistical parameterADI activity (U/mL)Total protein release (g/L)Cell disruption (%)RSMANNSVMRSMANNSVMRSMANNSVM*Training datasetR* ^2^0.9700.8690.9750.9630.8540.9600.9840.9450.991MSE0.2551.1750.2080.0290.1510.0312.7259.2981.586RMSE0.5051.0840.4560.1700.3890.1771.6513.0491.259SEP2.1754.6651.9645.26412.0735.4962.2044.0711.682RPD1.5733.9781.0464.27210.2114.4631.7902.9100.694*Unseen datasetR* ^2^0.9430.8450.8920.5840.5330.6400.9900.9690.979MSE0.8660.2180.6080.0830.0490.08117.46919.94817.720RMSE0.9310.4670.7800.2880.2220.2854.1804.4664.209SEP3.6281.8213.0398.1166.2648.0536.8737.3446.922RPD3.4691.5232.5095.9665.1545.7036.7286.4785.384*R* ^2^ determination coefficient; *MSE* mean square error; *RMSE* root mean square error; *SEP* standard error of prediction; *RPD* relative percent deviation; *A* Cell mass concentration; *B* operating pressure; *C* number of passes

Looking only at the training datasets (Table [6](#Tab6){ref-type="table"}, upper panel), the SVM model was superior to the other models for the ADI activity response because it had the lowest values of RMSE, SEP and RPD. Similarly, SVM model was better than the other models for the fraction of cell disrupted response. However, for the total protein release response, the RSM model was better than the other models (Table [6](#Tab6){ref-type="table"}, upper panel).

Based on the unseen data for ADI activity, the MSE, RMSE, SEP and RPD values for the ANN model were lower than for the RSM and SVM predictions (Table [6](#Tab6){ref-type="table"}, lower panel). Therefore, the ANN model was superior to the other models. Similarly, for the total protein release, the ANN model was superior to the other models although the *R*^2^ values of all models were low (Table [6](#Tab6){ref-type="table"}, lower panel). For fraction of the cells disrupted, the SVM model may be considered better than the other models in view of its lower RPD (Table [6](#Tab6){ref-type="table"}, lower panel). (The RMSE and SEP of the SVM model were about the same as the next best model, the RSM).

Discussion {#Sec22}
==========

Although like many bacteria (Hughes et al. [@CR15]; Chisti and Moo-Young [@CR9]; Benov and Al-Ibraheem [@CR4]; Donsì et al. [@CR11]), *P. putida* cells are routinely disrupted in the laboratory using French-press, no detailed analysis of this disruption method has been published.

In the present study, cell mass concentration in the slurry had the strongest effect on the total protein release (Fig. [2](#Fig2){ref-type="fig"}a, b) and the ADI release (Fig. [1](#Fig1){ref-type="fig"}a, b) mainly because more of these components were available to be released in more concentrated slurry of cells. The biomass specific protein release did not increase with increasing concentration of the cells in the slurry; therefore disruption was actually less effective at higher biomass concentrations. In other types of high-pressure homogenizers, the disruption rate of cells has been generally found to be independent of the cell concentration in the slurry (Singh et al. [@CR32]; Tam et al. [@CR34]; Singh [@CR31]), but the amount of the intracellular material released is obviously dependent on the concentration of the cells in the slurry. In contrast to high-pressure homogenizers, the disruption rate in bead mills is generally observed to increase with increasing concentration of the cells in the slurry being processed (Chisti and Moo-Young [@CR9]; Ricci-Silva et al. [@CR28]; Mei et al. [@CR20]).

For otherwise fixed conditions, the fraction of cells disrupted increased with increasing number of passes but each subsequent pass was less effective in disrupting the cells. This suggests that the extent of disruption in a given pass depended on the concentration of undisrupted cells. Release of intracellular proteins and DNA may also have contributed to progressively reducing the disruption efficacy of a given pass. This is because release of the intracellular polymers increases the viscosity of the cell homogenate (Chisti and Moo-Young [@CR9]) and this reduces flow rate through the homogenizing orifice.

Among the three factors tested, the operating pressure was highly influential in affecting the fraction of the cells disrupted. This was consistent with similar findings for other kinds of high-pressure cell homogenizers. For example, a 4-fold increase in the degree of cell disruption was found in the homogenization of baker's yeast when the operating pressure was increased from 500 to 2500 bar (Donsì et al. [@CR11]). In the present study, nearly 93 % of the cells in a slurry with a biomass concentration of 100 g/L could be disrupted in three passes at an operating pressure of \~965 bar (run 3, Table [1](#Tab1){ref-type="table"}). This is consistent with similar findings for other Gram negative bacteria. For example, in a French press operated at 689.5 bar more than 98 % release of the intracellular aspartase from *Escherichia coli* K-12 was reported within a single pass using cell slurries with biomass concentrations in the range of 50--250 g/L (Singh [@CR31]).

*Pseudomonas putida* KT2440 is a Gram negative motile bacterium. The cell is approximately 1 μm wide and 2 µm long (Auerbach et al. [@CR2]). Gram negative bacteria generally have a much thinner cell wall than gram positive bacteria and, therefore, are easier to break. Therefore, a combination of higher operating pressures and the number of passes may be necessary for effective use of the French press with other microorganisms. For example, microalgae such as *Chlorella vulgaris* and *Monodus subterraneus* can be far more difficult to break than bacteria such as *P. putida*. Similarly, yeasts such as *S. cerevisae* can be difficult to break as they have much thicker walls (100--200 nm thick) than gram negative bacteria. Notwithstanding its relative robustness, nearly 70 % disruption of a *S. cerevisae* slurry with 600--700 g biomass (fresh weight) per L has been reported within a single pass in a French press but at a much higher operating pressure of 1379 bar (Hughes et al. [@CR15]) than used in the present work. In another study of disruption of a yeast (*Candida* sp.), French press was found to be quite effective in releasing intracellular protein, but required a high operating pressure of 1241 bar (Okungbowa et al. [@CR23]).

Intuitively, a relatively large cell may be expected to be more easily broken than smaller cells, but in practice this is not so. For example, the diameter of *S. cerevisae* cells is much larger (=3.5--5.6 μm depending on age) (Johnston et al. [@CR16]) than of *P. putida* or similarly sized Gram negative bacterium *E. coli* (0.5 μm in width, 2 μm in length), but *S. cerevisiae* is much harder to disrupt as shown by the data above.

Using cell slurry with a biomass concentration of 100 g/L, as was used also with the bead mill in the current work, the ADI release in the French press was 22.5 U/mL (run 5, Table [1](#Tab1){ref-type="table"}). This was 2.7-fold higher than was achieved with the bead mill. The ADI and total protein release after 15 min of bead milling was found to be 8.46 U/mL and 0.48 g/L, respectively (unpublished data). Similarly, with the 100 g/L cell slurry, the maximum protein release with the French press was 2.8 g/L (run 2, Table [1](#Tab1){ref-type="table"}). This value was 5.8-fold greater than in the bead mill. Therefore, in terms of the key parameters of ADI release and protein release, the French press was substantially better than the bead mill. This suggests that any large scale disruption process for *P. putida* should consider using high-pressure homogenization instead of bead milling.

A French press is a batch device with a low throughput. It is suitable only for a sample size of ≤250 mL and cannot be scaled up directly. Nonetheless, it allows for estimating the best operating conditions to use for initial disruption testing in a large-scale high-pressure homogenizer of a similar operating principle as the French press. Such industrial scale homogenizers are available and can be operated in a continuous flow mode with a high throughput (Chisti and Moo-Young [@CR9]; Middelberg [@CR21]).

While high-pressure homogenization is generally suitable for recovering intracellular enzymes, it has the potential to damage certain enzymes by exposing them to intense mechanical shear forces (Chisti and Moo-Young [@CR9]). Indeed, some enzymes of *Pseudomonas aeruginosa* have been shown to be susceptible to such damage, therefore there is the potential for similar damage in enzyme recovery from *P. putida* although for ADI, no such damage was observed.

A near complete disruption of *P. putida* KT2440 cells was achieved in the French press within 3-pases at an operating pressure of \~965 bar for a slurry with a biomass concentration of 100 g/L. At the same operating pressure, essentially complete release of the ADI activity could be achieved in a single pass. Of the models evaluated, ANN model was best for predicting the release of ADI and total protein for a given set of operating variables. The RSM model was best for predicting the fraction of the cells disrupted. The SVM was comparable to RSM for predicting the fraction of the cells disrupted. The conditions that maximized the ADI release were the following: an initial cell concentration of 260 g/L in the slurry; an operating pressure of 510 bar; and a single pass through the machine. With these conditions the ADI release exceeded 27 U/mL and the total protein release exceeded 3 g/L. French press proved to be substantially better than the bead mill in releasing both ADI and total protein from the cells.

ADI

:   arginine deiminase

RSM

:   response surface methodology

CCD

:   centre composite design

ANN

:   artificial neural network

SVM

:   support vector machine

PMSF

:   phenylmethylsulfonyl fluoride

MSE

:   mean square error

RMSE

:   root mean square error

SEP

:   standard error of prediction

RPD

:   relative percent deviation

MDP and UCB conceived the ideas and designed the research experiments. MDP, GP and BS conducted the experiments and analyzed data. NS and PG contributed to the ANN and SVM modelling of the data. MDP, GP and NS drafted the manuscript which was critically proof-read by UCB and YC. All the authors read and approved the final manuscript.

Acknowledgements {#FPar1}
================

MDP and GP gratefully acknowledge Department of Biotechnology (DBT), New Delhi, India, for the award of Senior Research Fellowships. Authors are thankful to Mr. Mukesh Kumar for technical assistance with the bioreactor runs.

Competing interests {#FPar2}
===================

All authors declare that they have no competing interests.

Ethics approval {#FPar3}
===============

This article does not contain any studies with human participants or animals performed by any of the authors.

Funding {#FPar4}
=======

This research did not receive any specific grant from funding agencies in the public, commercial, or not-for-profit sectors.
